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Abstract 
The effectiveness of a training program on students' achievements has primarily relied on estimation approaches which capture 
the mean effect on students' performances. While estimating how “on average” variables affect educational outcomes yields 
straightforward interpretations, the standard methodology may miss what is crucial for policy purposes, namely how educational 
programs affect students achievements differently at different points of the conditional test score distribution. The aim of this 
study is to investigate the short term effects of M@tabel on Italian sixth grade students performance in mathematics at secondary 
schools through a multilevel quantile regression approach. The proposed model allows to fully characterize the entire conditional 
distribution of performances in mathematics, providing a more complete view of a possible relationship between M@tabel 
treatment and the observed math score gain. The main concern is not only "does the training program have an impact" but also 
the question "for whom does it matter, and how". 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of Academic World Education and Research Center. 
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1. Introduction 
Numerous studies examining the effectiveness of training programs on students' achievements have primarily 
relied on estimation approaches which capture the mean effect on performances (Eide & Showalter, 1998). 
However, it is well understood that educational attainment is often characterized by high degree of heterogeneity: in 
fact, each pupil has a set of characteristics and context that might drive their performances differently (Tzavidis & 
Brown, 2010; Hanushek, Woessmann, 2008).  
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For instance, exploring the effectiveness of students' tracking programs on educational achievement by simply 
summarizing the training impact as a single value might cause the loss of some important information. It could be 
possible that policy prescriptions for improving performances can be different for different levels of students' 
ability: e.g. for the poorest performing pupils rather than for the best performing ones. Hence, for the design of 
educational policies, it would also be interesting to even assess, at an empirical level, the distributional 
consequences of a treatment on students' attainments given a set of observable characteristics (Firpo, 2007). 
This paper proposes a multilevel quantile regression approach to examine the distributional impact of M@tabel  
program on students' achievements in maths using a sample of sixth grade Italian students at the end of the year 
2010/11 corresponding to the first year of the program implementation. In the model specification we consider that 
pupils are clustered into classes; thus the estimates incorporate the dependence between units (students) in the same 
context (classes). 
The dependent variable is the math score measured through standardized tests (INVALSI, 2011) submitted at the 
beginning of the year (pre-intervention) and at the end of the school year (post-intervention). In the model, we 
control for the initial math test score, the gender and the socio-economic and cultural students background. As 
already said, the treatment variable is a dummy variable and we consider it both at student level and at class level.  
With regard to the impact of the training program on students' performances, our findings suggest that M@tabel 
benefits weak students more than high achievers once we control for gender gap and pupil prior attainment in 
mathematics. Since the effectiveness of M@tabel program appears to be different depending on the underlying 
differences between poor performing and best performing students, it turns out that quantile regression modeling - in 
the context of program evaluation - might be seen as a complementary approach to give a more complete picture as 
the treatment effect can be estimated at all points of the conditional test score distribution. Besides, the possibility of 
differentiating training impacts, with respect to the students learning patterns, could  be  also considered an useful 
guidance for future educational programs design. 
The paper is organized as follows: the next section introduces the structure and the main features of PON-
M@tabel  program. Section 2 introduces the quantile regression approach and sketches the main features of the 
proposed model. Section 3 briefly describes the dataset.  Section 4 discusses the resulting evidences and offers some 
useful insights about the impact of the program on students ability. Section 5 concludes.   
 
2. The M@tabel program 
 
The weaknesses shown by Italian students in international tests on mathematics and science (IEA-TIMSS and 
OECD-PISA studies), has produced a lot of initiatives to help schools and teachers improving students' 
achievements. Among these initiatives, teacher professional development programs supported by the Ministry of 
Education are playing an important role. 
In particular, M@tabel aims at training teachers in the application of mathematics to everyday life situations. It is 
promoted in four regions of Southern Italy (Campania, Calabria, Puglia and Sicilia) thanks to European Union 
funding (FSE- PON). These regions are all in the South and they are characterized by poor socio-economic 
characteristics, quite weak infrastructures, low students' achievements, and high rates of students' drop-out. The 
main ideas of this training program are: 
x apply math to daily problems, rather than abstract formulas; 
x base it on a mixture of formal lectures and on-line mentoring; 
x offer teachers an accumulation of classroom modules for math lessons the whole last school year; 
x  promote a teacher community. 
M@tabel is a content focused randomized experiment, it involves the whole school year and it is not repeated. It 
is based on active learning processes and directly implemented in the classroom through peer collaboration between 
teachers. In particular, teachers enroll in the program through their school; to be eligible, the school must send at 
least two teachers. Schools are randomly assigned to the treatment in the current year or delayed to the next year. 
Teachers and students are followed for three years. 
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The program administration is a blended, as it includes both meetings in person (30h work within the year) and 
online forums. In the program, teachers receive training on specific didactic units that allow them to use alternative 
methods for teaching curricular contents. Each unit involves the use of practical examples and laboratories. 
Individual and collective reflection of the classes' experiences is solicited and favored by means of online forums 
and the discussion with the virtual class. 
 Moreover, as a requirement for obtaining the certification, teachers must fill out an “on board diary” (full 
compliance). Further details on the M@tabel project can be found in www. http://www.invalsi.it/invalsi/ri/matabel/. 
 
3. Research design and methodology  
 
Over the last decades, the use of quantile regression (QR) approach to get a more extensive analysis of 
phenomena especially in social science and educational researches has been increasing (Harding & Lamarche, 
2009). In applied econometrics literature most recent applications rely on QR technique as a tool for exploring 
heterogeneous treatment effects of public policies (Konker, 2005; DiNardo & Lee, 2010). 
However, QR models cannot deal with hierarchical data and the literature investigating quantile regression 
estimation of multilevel data is still relatively new. In the last years, the need to extend the capabilities of quantile 
regression for independent data to deal with hierarchical data structure has led to distinct approaches (e.g. Kokic, 
Chambers & Beare, 2000; Tzavidis & Brown, 2010; Geraci & Bottai, 2011).   
In particular, Geraci and Bottai (2007, 2011) have introduced a new method for quantile regression with mixed 
effects, the Linear Quantile Mixed Model (LQMM) which allows to estimate the conditional quantile of the 
response variable where random effects are inserted along with fixed predictors as in a classical multilevel linear 
modeling set-up (Goldstein, 2003).  
In this work, we focus on the LQMM approach (Geraci & Bottai, 2007; 2011) to analyze whether and how, 
within the multilevel modeling environment (e.g. pupils within classes), the observed math score gain can be 
attributed to M@tabel training program controlling for pupil prior attainment, gender and background. By the same 
token, we compare the resulting estimates with those obtained by using a multilevel linear model specification 
(LMM) that is based only on conditional expectations. In the following paragraphs we sketch the main features of 
the QR approach and we briefly illustrate the LQMM set up. 
 
3.1. Quantile regression: basic notation and interpretation  issues  
 
Quantile regression, as introduced by Koenker and Basset (1978), may be viewed as an extension of least squares 
estimation of conditional mean models to the estimation of an ensemble of models for several conditional quantile 
functions. Actually, the quantile regression approach does not restrict attention to conditional mean and therefore it 
permits to approximate the whole conditional distribution of a response variable. As Hao and Naiman (2007) 
pointed out, while the linear regression model specifies the change in the conditional mean of the dependent variable 
associated with a change in the covariates, the quantile regression model specifies changes in the conditional 
quantiles. Since multiple quantiles can be modeled, it is possible to achieve a more complete understanding of how 
the response distribution is affected by predictors including information about shape change. 
In analogy with classical linear regression methods, based on minimizing sums of squares residuals, quantile 
regression methods are based on minimizing asymmetrically weighted absolute residuals as reported in Eq. (1):  
 
¦¦ t  βxyt tβxyt t ttttk yyMin :: )1([ βxβx ttβ TT (1)                       
 
 
where ty  is the dependent variable, tx is the k by 1 vector of explanatory variables, β is the coefficient vector 
and θ is the quantile to be estimated. The coefficient vector β will differ depending on the particular quantile being 
estimated. It is straightforward to say that for θ=0.5 we obtain the median solution. 
The estimated parameter in QR linear models have the same interpretation as those of any other linear model; the 
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ߚఏcoefficient can be interpreted as the rate of change in the ߠ௧௛ quantile of the dependent variable distribution per 
one unit change in the value of the thk ୲୦regressor. Koenker and Basset (1978) also established consistency and 
asymptotic normality of quantile estimators for fixed tx . 
Besides, the QR model is robust to distributional assumptions about the error component: while for the least 
squares regression model the normality assumption is necessary for obtaining accurate inferential statistics, in QR 
framework the inferential statistics can be distribution free. These features have important consequences from both 
theoretical and practical standpoints as they help to facilitate computational procedures and model interpretation.  
 
3.2.Multilevel linear quantile regression estimations: the essential toolkit 
 
The basic idea of LQMM is that the covariates might exert different effects at different quantiles of the outcome 
distribution, as assessed in the standard quantile regression (Koenker & Basset, 1978), and that the degree of 
unobserved heterogeneity might also be characterized with θ specific variance parameters. 
The estimation approach is based on the link existing between the minimization of weighted least absolute 
deviations of quantile regression (1) and the maximization of a Laplace likelihood. Parameters estimation is carried 
out by using the Asymmetric Laplace (AL) distribution function which has been introduced in the context of 
quantile regression by Yu, Lu and Stander (2001) and by Koenker and Machado (1999).  Since the mathematics 
behind the estimation procedure is beyond the scope of this study, we will not discuss about it further.  For technical 
details on the estimation algorithm we refer the interested reader to Geraci and Bottai (2011).  
The thT LQMM approach is given by: 
 
θttθt εuZβXy  t                                                                                                                                      (2) 
 
where ty  , t=1,…, k, conditionally on a kx1 vector of random effects tu , are i.i.d. according to an AL 
distribution function 
tt u|y
F  with location-scale parameters given by ttθt uZβX   and TV , respectively. The 
random effects tu  and the within-cluster errors are assumed to be independent for different clusters and to be 
mutually independent for the same cluster (Pinheiro & Bates, 2000). θβ is the vector of unknown fixed effects. The 
skewness parameter T  is set a priori and it defines the quantile level to be estimated. Note that all the parameters 
are T dependent. 
In the following, we estimate a linear quantile regression model with random intercepts at class level. The 
application is carried out by assuming random effects normally distributed, thus estimates will be calculated by 
numerically integration using the method of Gauss- Hermite quadrature (Geraci & Bottai, 2011). Standard errors are 
calculated by 100 bootstrap replications. The parameter interpretation  is the same as in QR model. Results are 
discussed in Section 4. 
 
4. Data  
 
Data refer to a panel consisting of  3547 students whose information are collected at the beginning (pre-
intervention) and at the end (post-intervention) of the school year 2010/11. In this work we consider a 2-level model,  
namely we exploit information pertaining to students (level 1) which are grouped in classes (level 2). In particular, 
the number of treated students is 1797 whereas the number of controls is equal to 1750. The total number of students 
in the sample corresponds to 215 classes. We consider the following variables: gender (male, female), students prior 
attainment in mathematics (normalized pre-test score) and socio-economical and cultural backgrounds expressed by 
the ESCS indicator (OECD, 2007). Treatment is a dummy variable (1 Treated; 0 Controls). The dependent variable 
is the normalized test score in mathematics defined in the range [0,100].  
Table 1 reports unconditional quantile values of the treated and control students performances in mathematics at 
the end of the school year 2010/11. Notice that we also add quantile 0.60 because it corresponds approximately to 
the sample average of the test score distribution. 
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Table 1. Sample quantiles of math score distribution by treatment condition 
Quantile .1 .25 .50 .60 .75 .90 .95 
Treated  18.60 27.91 39.53 41.86 51.16 65.12 69.77 
Controls 18.60 25.58 37.21 41.60 51.16 65.12 72.09 
 
 
Fig. 1 depicts the distribution of math test score for treated/compliers (dashed line) and control students (straight 
line). By looking at Fig.1 we notice that the test score distribution for treated and control students is not well 
approximated by a normal. Also, by comparing treated and controls test score distributions, it seems that the 
treatment affects the underlying shape of the response more than the central tendencies, therefore focusing only on 
the mean can fail to capture informative trends in the response variable. 
Table 2. Descriptive statistics by treatment condition 
Variable Treatment 
condition 
  Treated  Controls 
% female  49.30% 49.48% 
Pre-test score (median) 48.48 51.52 
ESCS (median) 0.00 -0.06 
   
 
Table 2 reports briefly the summary statistics of the variables used in this study grouped according to the 
treatment condition. Table 3 illustrates the summary statistics for treated and control students math score distribution 
grouped by gender. 
 
Table 3. Sample quantiles of math score distribution by treatment condition and gender 
Treated Controls 
  
Quantile .1 .25 .5 .6 .75 .9 .95 .1 .25 .5 .6 .75 .9 .95 
Males 18.60 25.58 39.53 44.19 53.49 65.12 72.09 18.6 25.58 39.53 44.19 53.49 67.44 72.09 
Females 18.6 27.91 37.21 41.86 51.16 62.79 67.44 18.6 25.58 37.21 41.86 50.58 62.79 72.09 
 
As regards the gender gap between males and females we find that the difference in the distribution for treated 
and controls is particularly evident for poorly performing females rather than males at the same level. 
By exploring the association between the predictor variables and math score distribution we also notice that the 
socio-economic and cultural conditions expressed by the ESCS is, on average, positively associated with the math 
score gain but such kind of relationship is increasing at decreasing  rate for lower performing students rather than for 
higher achievers. 
Besides, as expected the pre-test score is positively associated with the final math score distribution. However, 
this relationship is particularly stronger for students whose performances are concentrated around the mean while it 
is mitigated for poorly performing students†.  
 
 
 
† for sake of brevity these results are not reported here. Further information are available upon request 
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Fig. 1. Math test score distribution by treatment condition 
 
 
4. The effectiveness of M@tabel: estimation and preliminary results 
 
In this section we present the estimates of M@tabel training impact on students’ performances. We carried out 
the analysis by steps using both the LMM and LQMM approaches. Results can be found in Table 4. First of all, the 
LMM estimates confirm the effectiveness of the program in improving performances in mathematics. In particular, 
we find that the impact of M@tabel on students performances is, on average, positive and significant at 5 % level 
(βLMM = 1.940). The intra-class correlation coefficient (ICC) is 0.23, which suggests that about 23% of the total 
variability in the response is at class level.   
Despite being very informative, the estimates do not tell us what happens in the rest of the conditional 
distribution. Hence, we consider the full distribution of pupils achievement within classes rather than focusing only 
on the average performance. We consider a range of 5 quantiles: 0.1, 0.25, 0.5, 0.75, 0.90 and we exploit the LQMM 
regression. The proposed approach allows to estimate M@tabel treatment effects at different levels of students 
ability while controlling for individual pupils characteristics and the class impact (Goldstein, 2003). Differently 
from the LMM specification, in LQMM we can estimate the class effect it not only at the mean but even at other 
positions of the conditional test score distribution. That is the reason why in Table 4 we find the intercept variance 
(in terms of standard deviation) estimate for each examined quantile. 
The LQMM analysis reveals more information than the LMM. However, describing this additional information 
can be cumbersome, especially when a long range of quantiles is investigated. Hence, a graphical visualization of 
the LQMM estimates might be useful in interpreting the results. In Fig. 2 we report a panel for each covariate 
showing the estimated quantile coefficients (the dashed line), the LMM regression line (the straight line) with the 
corresponding confidence interval at 95% confidence level (the grey area).  
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Table 4. Multilevel linear quantile regression: estimated parameters and standard errors in parenthesis. 
Quantile LMM 0.1 0.25 0.50 0.60 0.75 0.90 
Fixed effects         
Intercept 39.421*** 
(0.734) 
22.479*** 
(0.760) 
31.296*** 
(1.064) 
39.884** 
(0.842) 
41.973*** 
(0.202) 
46.872*** 
(0.906) 
55.120 
(0.809) 
Gender:ref. Female -1.332*** 
(0.420) 
-0.01 
(0.540) 
-1.172** 
(0.374) 
-1.367* 
(0.589) 
-1.272* 
(0.606) 
-1.502* 
(0.756) 
-1.497’ 
(0.857) 
Pre-test score 0.658*** 
(0.014) 
0.575** 
(0.031) 
0.637*** 
(0.022) 
0.687*** 
(0.029) 
0.697*** 
(0.030) 
0.712*** 
(0.032) 
0.688*** 
(0.952) 
Treatment:ref.Controls 1.940* 
(0.993) 
2.903* 
(1.119) 
1.973 
(1.365) 
1.369 
(1.690) 
2.747* 
(1.223) 
2.325’ 
(1.384) 
0.952 
(1.360) 
Random Effects        
2- class (sd) 42.77 39.06 37.5 41.82 46.51 42.04 62.71 
    significance levels: ***<0.001, **<0.01, *<0.05, '<0.1 
 
In this setting, to check whether the treatment might exert a different impact between male and female we test the 
presence of an interaction between the variables gender and treatment. We find that the combined effect is not 
statistically significant, thus we do not report the results in the final model. 
Predictor variables effect is on the y-axis whereas the quantile value θ is on the x-axis. Changes in the predictor 
variables affect the location and scale, but even the underlying shape of the response distribution. For instance, the 
gender gap based on the average performance is statistically significant (βLMM = - 1.332); however it is wider for 
higher performing students (β0.75 = - 1.502) rather than for poor performing ones (see Fig.2, bottom right panel). 
As we might intuitively expect, differences in performances are significantly linked to the pre-test score. 
However, the effect of prior attainment is slightly different along the pattern of the conditional test score distribution 
corresponding to the different students skill levels (see Fig.2, bottom left panel). In particular, high levels of prior 
attainment has a stronger impact for the median (θ=0.50) as well as for higher performing students (θ=0.75) rather 
than for poor performing ones. Accordingly, for high achievers (e.g. θ=0.90, θ=0.95) one unit increase in the pre-test 
score seems to exert a positive but minor impact on their performances rather than what is expected on average. 
There is no evidence of a combined effect of gender and pre-test score, hence the interaction term is not reported.  
With regard to the M@tabel training effect on students performance the model suggests that the relationship 
between the observed math score gain and the treatment is significantly strong at the tails of the conditional 
distribution of performances, i.e. at the lower quantiles (β0.1 = 2.903) and at the higher quantiles (β0.75 = 2.325). On 
the contrary, the program tends to be less effective for students whose mathematical skills are concentrated around 
the median of math scores conditional distribution (see Fig.2, top right panel). 
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Fig. 2. LMM (straight line) and LQMM quantile estimates and 95% confidence intervals (grey area). 
 
In this framework, while for best performing students taking part to a training program is likely to further 
strengthen their already high ability in mathematics, the major impact of M@tabel on poor performing students 
compared to the average counterpart is a very interesting result which needs further investigation. The short term 
effectiveness of the treatment on students’ attitudes permits to make some preliminary considerations about 
M@tabel training features: it seems to show an intrinsic major role in driving lower achievers towards the essential 
skills needed to converge over the sample average of mathematical attainment.  
 
5. Conclusions 
 
In this paper we introduce an alternative framework for assessing the impact of M@tabel training program on 
pupils' performances. In particular, by exploiting a multilevel QR framework we assess the effectiveness of the 
treatment along the entire conditional distribution of the math test score controlling for some individual pupils 
characteristics and the class effect.  
The proposed approach highlights important issues that would not be captured by focusing only on central 
tendencies: e.g. the gender gap in the distribution of performances in mathematics is particularly evident for poorly 
performing females rather than males at the same level, the differential impact of prior attainment on the observed 
students achievement which is particularly relevant for proficient educational level. Such results surely encourage 
further investigation. 
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As regards M@tabel training effectiveness, the major finding reveals that it provides a positive, significant but 
different impact between level of achievements (basic, proficient and advanced). In particular, M@tabel exerts a 
positive short term effect which is wider at the bottom of the conditional distribution of performances, hence for low 
achievers rather than for proficient students level. Despite the resulting estimates are partial, as we analyze the 
program effectiveness at the end of the first year of implementation, they might be useful to recognize an additional 
feature of M@tabel which is the one to reduce educational inequalities among the involved students particularly at 
lower educational levels. 
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